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Sparse Modeling,
Sparse Auto-Encoders,
Predictive Sparse Decomposition




How to Speed Up:Inference in a Generative WModel?

|

# Factor Graph with an asymmetric factor

@ Inference Z > Y is easy
» Run Z through deterministic decoder, and sample Y

& Inference Y — Z is hard, particularly if Decoder function is many-to-one
» MAP: minimize sum of two factors with respect to Z
» Z* = argmin_z Distance[Decoder(Z2), Y] + FactorB(Z2)

@ Examples: K-Means (1of K), Sparse Coding (sparse), Factor Analysis

Generative Model

Factor B

LATENT
VARIABLE

INPUT

Y LeCun



Sparse Coding & Sparse Modeliﬁg

Y LeCun

. . [Olshausen & Field 1997]
# Sparse linear reconstruction

@ Energy = reconstruction_error + code_prediction_error + code_sparsity

E(Y.2)=|Y'-w,z[+1.3 |2

FACTOR DETERMINISTIC

INPUT FUNCTION

VARIABLE

M Inference is slow Y = Z :argminz E ( Y, Z)



Encoder Architecture

Y LeCun

Examples: most ICA models, Product of Experts

Factor B

LATENT
VARIABLE

INPUT
Fast Feed-Forward Model




Encoder-DecoderArchitecture
‘. Y LeCun

[Kavukcuoglu, anzato, LeCun, rej ected by every onfeence, 2008-2009]

@ Train a “simple” feed-forward function to predict the result of a complex
optimization on the data points of interest

Generative Model

Factor B

LATENT
VARIABLE

INPUT

@ 1. Find optimal Zi for all Yi; 2. Train Encoder to predict Zi from Yi
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Why Limit the Information Coptent of the

® Training sample

® Input vector which is NOT a training sample

® Feature vector
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Y LeCun
® Training sample

® TInput vector which is NOT a training sample

® FKeature vector

Training based on minimizing the reconstruction error over
the training set
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Why Limit the Information Coptent of the

® Training sample

® TInput vector which is NOT a training sample

® FKeature vector

BAD: machine does not learn structure from training data!!

It just copies the data.
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Why Limit the Information Coptent of the

® Training sample

® TInput vector which is NOT a training sample

® FKeature vector

IDEA: reduce number of available codes.

INPUT SPACE L

FEATURE
SPACE

Y LeCun



Why Limit the Information Content.of.the CBde? " Y LeCun

® Training sample
® TInput vector which is NOT a training sample

® FKeature vector
IDEA: reduce number of available codes.
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Why Limit the Information Content of the -

® Training sample
® TInput vector which is NOT a training sample

® FKeature vector

IDEA: reduce number of available codes.

INPUT SPACE L FEATURE
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Predictive Sparse)Decomposition (PSD): sprse auto=encoder
: Y LeCun

[Kavukcuoglu Ranzato, LeCun 08 — arXiv: 110.3467],
Prediction the optimal code with a trained encoder

Energy = reconstruction_error + code_prediction_error + code_sparsity
EY,Z)=[lY'=W,Z["+|Z g, (W, Y +A 2 |z}
g (W ,Y')=shrinkage(W Y')




PSD: Basis Functions on MNIST
Y LeCun

& Basis functions (and encoder matrix) are digit parts




patches.
»12X12
» 256 basis functions



Learned Features on natural patches:
V1-like receptive fields

Y LeCun







Better Idea: Give the “right” structure tofthe encoder e

& ISTA/FISTA: iterative algorithm that converges to optimal sparse code
[Gregor & LeCun, ICML 2010], [Bronstein et al. ICML 2012], [Rolfe & LeCun ICLR 2013]

Lateral Inhibition —

Z(t + 1) = Shrinkage, ;. [Z(t) — %Wg(WdZ(t) - Y)]

1 1
Z(t + 1) = Shrinkage,/, [W.Y + SZ(t)]; We = Wa S=1- ZWJ Wy



I-'1STA:. Train We and S matrlcls

to give a good dpproximation quickly- ’j e

& Think of the FISTA flow graph as a recurrent neural net where We and S are
trainable parameters

& Time-Unfold the flow graph for K iterations
& Learn the We and S matrices with “backprop-through-time”

@ Get the best approximate solution within K iterations




ISTA/FISTA

Learring ISTA?(LISTA) vs

Y LeCun
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al inhibitjon matrix

LISTA with partial mutu

Y LeCun
error
||
4L o ™
|
35+ o
. |
c ° ¢ -
2 ¢ ¢ o
+ 2.5+
—
frar o
C
S 2 /M dim reduction (4x) ®
O
(a4 ® elements removal (4x) o
dim reduction (1x) ° o
1.5 -|@ elements removal (1x) Smallest elements ®
| , — remqved | , Cof
0.01 0.02 0.05 0.1 0.2 0.5 |

Proportion of S matrix elements that are non zero



Learnih'j Coordinate Descent/(LcoD): 'fasﬁr t.han-”:i_ISTA

Reconstruction Error

cIrror
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Y LeCun

iter



Y LeCun

Inhibition

Filters

(O N
T Nz @00
=l HOHMY 210

Can be repeated

Discriminative Recurrent Sparse Autern’g’fodgr (DFSAE)

@ Architecture

@ Rectified linear units

M Classification loss: cross-entropy [Rolfe & LeCun ICLR 2013]
# Reconstruction loss: squared error

@ Sparsity penalty: L1 norm of last hidden layer

# Rows of Wd and columns of We constrained in unit sphere



DrSAE Discoverg manifold structure of ha;ndwritten digits

Y LeCun

@ Image = prototype + sparse sum of “parts” (to move around the manifold)
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Convolutional Sparse Coding '

Y LeCun

& Replace the dot products with dictionary element by convolutions.
» Input Y is a full image
» Each code component Zk is a feature map (an image)
» Each dictionary element is a convolution kernel

@ Regular sparse coding E(Y, Z) = ||Y — Z Wi Zil|? + a Z | Z}|
k ke

@ Convolutional S.C. E(Y,Z)=|Y — Z Wi x Zi||* + az | Z|
k k

Y = Z'* 7k
© Wk

“deconvolutional networks” [Zeiler, Taylor, Fergus CVPR 2010]




Convolutional PSD: Encoder with a soft sii() Function

Y LeCun

& Convolutional Formulation
» Extend sparse coding from PATCH to IMAGE

L(z,z,D) —||$—ZDk*Zkllz+ZIIZk — f(WF xz)[[3 + |21

» PATCH based learning » CONVOLUTIONAL learning



Convolutional Sparse Auto-Encoder on Natural Images
Y LeCun

4 Filters and Basis Functions obtained with 1, 2, 4, 8, 16, 32, and 64 filters.




Y LeCun

Using PSD to Tréin a Hierarchy of Features

@ Phase 1: train first layer using PSD

FEATURES



Y LeCun

Usi'hg.PSD to Trdin a Hierarchy of Feat_Ure‘f

@ Phase 1: train first layer using PSD

& Phase 2: use encoder + absolute value as feature extractor

FEATURES



Y LeCun

Usi'hg.PSD to Trdin a Hierarchy of Feat_Ure‘f

@ Phase 1: train first layer using PSD
& Phase 2: use encoder + absolute value as feature extractor

& Phase 3: train the second layer using PSD

FEATURES



Usi'hg'PSD to Trdin a Hierarchy of FeatUre§

Y LeCun
@ Phase 1: train first layer using PSD

@ Phase 2: use encoder + absolute value as feature extractor

& Phase 3: train the second layer using PSD

& Phase 4: use encoder + absolute value as 2nd feature extractor

FEATURES



Y LeCun

Usi'hg'PSD to Trdin a Hierarchy of FeatUre§

@ Phase 1: train first layer using PSD

@ Phase 2: use encoder + absolute value as feature extractor

& Phase 3: train the second layer using PSD

@ Phase 4: use encoder + absolute value as 2nd feature extractor

& Phase 5: train a supervised classifier on top

& Phase 6 (optional): train the entire system with supervised back-propagation

classifier

FEATURES



Miss rate

Pedestrlan Detection: INRIA D : aset. MISS

p05|t|ves

rate vs false.

Area Under Curve [0, 1] FPPI

- Shapelet-orig (94.71%)

« Poselnvsvm (79.04%)

« Poselnv (72.02%)

-+ Shapelet (65.09%)
V|-CpenCy (62.35%)

v V] (57.94%)
FtrMine (44.36%)

| — HOG (33.52%)

-~ Pls(30.49%)

1 -- HikSvm (30.13%)

| -~ LatSvm-V1 (28.20%)

— ConvNet-Supervised (26.05%)

Color+Sk|p
Superwsed

V]-OpenCv (32.97%)

 Shapelet (50.25%)
o V) (47.37%)

FtrMine (33.96%)
Pls (23.26%)

HOG (22.58%)
HikSvm (20.54%)
Latsvm-V1 (16.81%)
MultiFtr (15.11%)

- Shapelet-orig (91.13%)
« PoselnySvm (68.76%)
« Poselnv (55.01%)

False positives per image (FPPI)

[Kavukcuoglu et al. NIPS 2010] [Sermanet et al. ArXiv 2012]

. MultiFtr (22.76%) ConvNet-Supervised (14.26%)
— ConvNet-MRC-5upervised {20.43%} D _ . . MultiFtr+C55 (10.70%)
ConvNet-Unsup (17.81%) ConvNet P \|: : ConvNet-Unsup (10.19%)
| == MultiFtr4C55 (16.18%) SRS . NSUURTIRONS O [FUNP U0 RIS SUUUUONS RROPN S A0S SN0 S RV ConvNet-MRC-Supervised (9.85%) |
N LatSvm-VZ{ld.BQ%}o COlOH’SkIp COhVNet Superv sed FPDW (9.34%) P ’
—  FPDW (13.17%) + : N LatSvm-V2 (8.66%)
— ChnFtrs {12.92%) Unsup SUp B&W A ChnFtrs (B.66%)
— ConvNet-MRC- Unsup (11.05%) U ConvNet-MRC-Unsup (6.62%)
. nsup+Suo | _CONVIERTRL nsup D028
10 10 10’ 10t

Y LeCun




Unsupervised Learning:
Invariant Features




Y LeCun

Learning Invariant Features with L2 Group Spfrsity

# Unsupervised PSD ignores the spatial pooling step.
# Could we devise a similar method that learns the pooling layer as well?
# Idea [Hyvarinen & Hoyer 2001]: group sparsity on pools of features

» Minimum number of pools must be non-zero

» Number of features that are on within a pool doesn't matter

» Pools tend to regroup similar features

E\Y,Z|=|lY-W Z|’+||Z—g,

SR dIE>IND IS

Jj keP,

FEATURES

L2 norm within
each pool



Learning Invariant Features with {2 Group Spdrsity
_ ' T 3 ‘ Y LeCun
M Idea: features are pooled in group. |
» Sparsity: sum over groups of L2 norm of activity in group.

# [Hyvarinen Hoyer 2001]: “subspace ICA”
» decoder only, square

# [Welling, Hinton, Osindero NIPS 2002]: pooled product of experts
» encoder only, overcomplete, log student-T penalty on L2 pooling

# [Kavukcuoglu, Ranzato, Fergus LeCun, CVPR 2010]: Invariant PSD
» encoder-decoder (like PSD), overcomplete, L2 pooling

M [Le et al. NIPS 2011]: Reconstruction ICA
» Same as [Kavukcuoglu 2010] with linear encoder and tied decoder

# [Gregor & LeCun arXiv:1006:0448, 2010] [Le et al. ICML 2012]

» Locally-connect non shared (tiled) encoder-decoder
SIMPLE L2 norm within
FEATURES each

INPUT

Encoder only (PoE, ICA),
Decoder Only or TNVARIANT
Encoder-Decoder (1IPSD, RICA) FEATURES



Groups are local in & 2D Topographic. Map -

# The filters arrange
themselves spontaneously
so that similar filters enter
the same pool.

# The pooling units can be
seen as complex cells

# Outputs of pooling units are
invariant to local
transformations of the input

» For some it's
translations, for others
rotations, or other
transformations.
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Image-l'ev.el training, local filteljs but no weiﬁt s______haririﬁg A

# Training on 115x115 images. Kernels are 15x15 (not shared across
space!)

» [Gregor & LeCun 2010] Reconstructed Input
» Local receptive fields '

» No shared weights

» 4x overcomplete

» L2 pooling
» Group sparsity over pools : Predicted Code

i

I
I




Image-level training, local filters but no weight sharing pr-

# Training on 115x115 images. Kernels are 15x15 (not shared across
space!)
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i = b

119x119 Image Input
100x100 Code
20x20 Receptive field size
sigma=>5

Michael C. Crair, et. al. The Journal of Neurophysiology
NO 6 Q )
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BN ariant Featureshterab THibition
; . e 1 Y LeCun

# Replace the L1 sparsity term by a lateral inhibition matrix
# Easy way to impose some structure on the sparsity

VAP VAV D VaVaVaVi

"’ 7, “‘ L"‘ \ ‘"‘

._ \'ﬁqn'ﬂ H\;ip{') IR IR,

IR

W'c‘fy t,“,»‘\ X
Input

[Gregor, Szlam, LeCun NIPS 2011]

g



d.

IRvariant Features Via Lateral Inhibition: Strugtured Sparsity

Y LeCun

# Each edge in the tree indicates a zero in the S matrix (no mutual inhibition)
M Sij is larger if two neurons are far away in the tree




i
A

Invariant Features via Lateral Inhibition: Topngraphlc Maps pr

# Non-zero values in S form a ring in a 2D topology
» Input patches are high-pass filtered
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Exploiting
Temporal Consistency




IRvariant Features th rough Temporal Cons_tan*ﬁy o

# Object is cross-product of object type and instantiation parameters
» Mapping units [Hinton 1981], capsules [Hinton 2011]

AQI-AQ- A I

/%//

A . ' small medium  large

Object type [Karol Gregor et al.] Object size




What-Where Auto-Eficoder Architecture =

Y LeCun

Decoder Predlcted

.

t Inferred
E ............................................................................................................................................................................. COde




Low-Level Filters Connected to Each ComplexCell

Y LeCun
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Spafsé Auto-Encoder with “Slow Featuref; Penalty'

Encoder

Rec F 1
rams Decoder
Convolution

Encoder
Convolution L1

Y LeCun

Convolution Poolin
+Rectification S m— | g

} +Rectification

Rec Frame 2
A Decoder
Convelution

L

Supervised filters CIFAR10 sparse conv. auto-encoder

[Goroshin et al. ICCV 2015, Arxiv:1412.6056]

™,
Pooling

slow & sparse conv. auto-encoder

Trained on YouTube videos



Uns'up'e'rvised Léarning by Prediction -ana:Lingariz-gtion

Y LeCun

[Goroshin, Mathieu, LeCun NIPS 2015, arXiv:1506.03011]

* Trained on 3 successive frames of video
* Maximize the colinearity between successive changes of feature vectors
* So that “natural” changes stay in linear manifold in feature space.
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o %,

xx—> €@NC (> POOl [|p cosing
> _distance
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Uns'up'e'rvised Léarning by Prediction -ancﬁLingariz-Qtion

Y LeCun
L= 1HGW(a Ei-ia T) z' |5 — (‘it_zt__ll)‘i(;trll_j)

o D) iy =)

. l:h(assc;aft srgmax) Pk = %:k F} ZNiﬁ;Z ’;’f;yl) ~ argNTaX z2(f,x,y)
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x—p enc (—~{ pool [[rm

| 3
W

Y
X

_lunpool— dec
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w

Y

xx—= €NnC = pool [|r

Y

3
prediction

x;—> @NC (> POOI [[p; = _ cosine
> _distance




Unsupervised L&arning by Prediction -ancﬁLingariz-é\tion

Y LeCun

[Goroshin, Mathieu, LeCun NIPS 2015, arXiv:1506.03011]

* Version 2:
* Make sure the "what”/magnitude changes slowly " 1
w ” . t+1 . m —I—m
* Make sure the “where”/phase changes linearly m = 5
t+1 __ t t—1
P = 2p"—p

Y

x—p enc (> pool [|r

Y

| 3
W

_lunpool— dec

©
w

Y

xx—= €NnC = pool [|r

Y

3
prediction

xx—> €@NC (> POOl [|p
> _distance




Y LeCun

Unsuperwsed Learning by Predlctlon anaﬁLlnearlzatlon

[Goroshin, Mathieu, LeCun arXiv:1506.03011]

* Version 3: the world is unpredictable
* Add latent variable to compensate for that.
* Minimize over them during training

“g“ — '+ (W10) ® a [zt zt_l]T

(Zt . Zt—l)T(Zt—i—l . Zt)
|28 — 2t H[[[2tH — 2|

L =min||Gw (£57) — 2" 3 = A

m | €
x—> enc — pool [[» | O
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= ;[ |unpool
m2 - U -
x— @Nnc — pool [[p .| Y
o
ms Y
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Algorithm (with’latent variables)

Y LeCun

Algorithm 1 Minibatch stochastic gradient descent training for prediction with uncertainty. The
number of J-gradient descent steps (k) is treated as a hyper-parameter.

for number of training epochs do

Sample a mini-batch of temporal triplets {z?~ !, zt, 2t*1}

Set 9 = 0

Forward propagate /=%, 2! through the network and obtain the codes z!~!, 2! and the predic-
tion 2"
for : =1to k£ do

Compute the L? prediction error

Back propagate the error through the decoder to compute the gradient 5 5% Ar—T
Update 6; = 9,1 — aac‘?f‘ T
Compute 257 = 2" + (W1d;) © a [ zt_l}T

Compute :1:”1 Gw (25
end for
Back propagate the full encoder/predictor loss from Equation using 1, and update the weight
matrices W and W,
end for

A§+1 _ Lty (W18)® a [Zt Zt—l]T

(Zt . Zt—l)T(ZH—l . Zt)
|28 = 2|t = 2

L = min |Gy (271) — 213 - A



Architectures

Y LeCun
Encoder Prediction Decoder
Shallow Architecture 1 COHVH;;E:Q giolx 49 X9 LineAa\;e]gigtfaXafgﬁase Conv64 X 9 X 9
Shallow Architecture 2 Corli\;l;l:ee;gol(sj s::‘idge:;< ’ LineAa\;e]gigt:ayaI%flase Conv 64 X9 X9

Deep Architecture 1

Conv+ReLU 16 X 9 x 9
Conv+RelLU 32 X 9 X 9
FC+ReLLU 8192 x 4096

None

FC+ReLU 8192 x 8192
Reshape 32 X 16 X 16
SpatialPadding 8 X 8
Conv+RelLU 16 X 9 X 9
SpatialPadding 8 X 8
Convl X 9 X9

Deep Architecture 2

Conv+RelLU 16 X 9 X 9
Conv+RelLU 32 X 9 X 9
FC+ReLLU 8192 x 4096

Linear Extrapolation

FC+ReLU 4096 x 8192
Reshape 32 X 16 X 16
SpatialPadding 8 X 8
Conv+RelLU 16 X 9 X 9
SpatialPadding 8 X 8
Convl X 9 X9

Deep Architecture 3

Conv+ReLU 16 X 9 X 9
Conv+ReLLU 32 X 9 X 9
FC+ReLU 8192 x 4096
Reshape 64 X 8 X 8
Phase Pool 8 X 8

Average Mag.
Linear Extrap. Phase

Unpool 8 X &
FC+ReLU 4096 x 8192
Reshape 32 X 16 X 16

SpatialPadding 8 X 8
Conv+RelLU 16 X 9 X 9
SpatialPadding 8 X 8
Convl X 9 X9




Filters: pooling’over groups of 4 filters. §

Y LeCun

(a) Shallow Architecture 1 (b) Shallow Architecture 2

Non-overlapping pooling Overlapping pooling
4x4x4 (feat,x,y) 4x4x4 (feat,x,y)
Stride 2 over features



Image interpoldtion in feéture_space:--_de?rnjinis’é'i:'="-.'world

.~

Y LeCun

¥y O ¥ ¥ ¥ r 1
* No phase pooling

* No curvature regularization ' - :

* With phase pooling - *.. ~
 With curvature reqularization ' .



Ima'gé i'nterpolation in fe__ature space:-de?rm\inistf*cworld

Y LeCun

* Image interpolation with the basic model (siamese net)
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Image interpoldtion in feéture_space:- _unﬁred_\ictab)fé world

Y LeCun
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* Phase interpolation

* No latent variable - o S -
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Y LeCun

Uns'up'e'rvised Léarning by Prediction -ancﬁLingarizﬁ"tion
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* Phase Z f eBz(fx,y) ( )
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Integrating Supervised &
Unsupervised Learning

- With

' Stacked What-Where Auto-Encoders




Y LeCun

-F Supervised and Unsupervised in One Learning Rule?

@ Boltzmann Machines have all the right properties [Hinton 1893] [OK, OK 1983 ;-]

» Sup & unsup, generative & discriminative in one simple/local learning rule
» Feedback circuit reconstructs and propagates virtual hidden targets
» But they don't really work (or at least they don't scale).

@ Problem: the feedforward path eliminates information
il If the feedforward path is invariant, then
the reconstruction path is a one-to-many mapping

» Usual solution: sampling. But I'm allergic.

@dlcted WhaD - what ) @dlcted Wha what D

[\ \ ! 2\ /2 / 2\

( Input reconstruct@ < |nput reconstruct@




Y LeCun

-F Supervised and Unsupervised in One Learning Rule?

il Idea: keep the complementary information around

» So that the generative path is a function
@] What-Where Auto-Encoder

» [Ranzato 2007], [Gregor 2011], Hinton's Capsules

» Very old ideas by Hinton & Zemel, von der Malsburg and others about separating
identity from instantiation parameters.
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-F Computing the “where”. Phase Pooling

il A funny kind of pooling/unpooling
eB7(f2:y)
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S;ta,ck(.ed What-Where | Predicted Desired

. N
Auto-Encoder (SWWAE) O Less Output
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SWWAE: Reconstructions with Unpool_i'ng?

Y LeCun

Network: MNNIST — [Conv 5x5] = 16 fmaps — Conv 3x3 — 32 fmaps — Pooling PxP

Trained unsupervised. Hard max-pooling at test time.
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SWWAE: “What” is invariant to translatioﬁs. “Where” isn't e
_ ,_ TP : eCun

Activations of features for untranslated and translated inputs

Left: “what”. Activations hardly change with -3 and +3 translations

Right: “Where”. Activity changes with shift.
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MNIST: Recognition & Ge.neraltion

Y LeCun

MNIST. Error v.s. lambdal2*

~ 100

model / N 100 600 1000 3000 =
SWWAE  '11.654+0.20 '524+0.06 '3.92+0.09 22.66+0.07 . o
dp 21.11 £0.65 7.11+0.27 5.34 +0.39 3.23 £ 0.30 g S
dp-fc 16.09 + 0.96 6.14 4+ 0.36 4.368 = 0.50 2.98 £+ 0.08 £ .l f
unsup-sfx 17.81 £ 0.06 8.41 £ 0.08 6.40 £ 0.06 4.76 £ 0.03 50'08
unsup-pretr - 9.80 £ 0.06 6.135 £ 0.03 4.41 = 3.11 O'oe\» »
nolL.2M “13.48£2.35  %5.69+033 “3.97+4037 12.5240.06 e G S S
model / N 100 600 1000 3000 7 awen 0

Convnet (LeCun et al.|(1998)) 22.98 7.86 6.45 3.35

TSVM (Vapnik & Vapnik|(1998)) 16.81 6.16 5.38 3.45

CAE (Rifai et al|(Z011b)) 13.47 6.3 4.77 3.22

MTC (Rifai et al.|(201Ta)) 12.03 5.13 3.64 2.57

PL-DAE (Lee|(2013)) 10.49 5.03 3.46 2.69

WTA-AE (Makhzani & Frey|(2014)) - 2.37 1.92 -

M1+M2 (Kingma et al.[(2014)) 3.33+£0.14 2.594+0.05 2.40=£0.02 2.18 £0.04

LadderNetwork (Rasmus et al.|(2015a)) 1.13 +0.04 - 1.00£0.06 -

SWWAE without dropout 9.17+0.11 4.16 +0.11  3.39+0.01 2.50 £+ 0.01

SWWAE with dropout 8.71 £ 0.34 3.31 £0.40 2.8340.10 2.10£0.22

alq]9]7]7(9]9



Y LeCun

SVHN: Recognition

SVHN. Error v.s. lambdal2*

* House Numbers =100
w2 10000
. Netvyork: _ v N T T A
(128) 5¢c—2p—(128) 3c—(256) 3c—2p—(256) 3c—2p
E 0,25k
* Error rate on full dataset ; | 5 5 1
 No reconstruction: 5.89% S I
* With reconstruction: 4.94% _ , , |
0.15k - PR . * _______ e RIS SOOI * ________ T *
0'1%.0 oi.5 1i.o 1i.5 zL.o 2.5
lambdal2*
model / N 1000 10000 model /N 1000 labels error rate (in %)
SWWAE 127.03 '14.33 KNN 77.93
dp 32.29 15.72 E/?l?IgNN (Kingma et al.[(Z014)) gg.gg
2 2 _ -1\ ) .
dp-fe 27.81  “14.39 MI+TSVM (Kingma et al [(2014)) 54.33
L1 30.22  14.57 M1+M2 (Kingma et al.(2014)) 36.02
unsup-pretr  33.03 17.31 SWWAE without dropout (A2, = 0.8) 27.83

noL.2M 29.12 16.51 SWWAE with dropout (Az2. = 0.4) 23.56



STL-10: Recognition
Y LeCun

10 classes: airplane, bird, cat, car, deer,
dog, horse, monkey, ship, truck

* 96x96 color images (from ImageNet)

* 10 predefined folds with 1000 training
samples each (100 per class)

* 5000 total training samples ‘

* 100K unlabeled samples (other categories)

* 8000 test samples (800 per class)
[Coates et al. 2011]

+ (64)3c-4p-(64)3c-3p-(128)3c-(128)3c-
2p-(256)3c-(256)3c-(256)3c-(512) 3c-
(512)3c-(512)3c-2p-10fc

model accuracy
Multi-task Bayesian Optimization (Swersky et al.|(2013))  70.1%

Zero-bias Convnets + ADCU (Paine et al.[(2014)) 70.2%

Exemplar Convnets 1Dosovits y etal](2 i?li) 75.4%
SWWAE 74.33%
Convnet of same configuration 57.45%




STL-10: Recognition

* 10 classes: airplane, bird, cat, car, deer,
dog, horse, monkey, ship, truck

* 96x96 color images (from ImageNet)

* 10 predefined folds with 1000 training
samples each (100 per class)

* 5000 total training samples

* 100K unlabeled samples (other
categories)

* 8000 test samples (800 per class)
[Coates et al. 2011]

model accuracy(val)
SWWAE-4layer *73.51%
SWWAE-5layer  69.24%
noL2M-5layer 68.26%
noL.2M-4layer 70.93%
dp-4layer 70.54%
dp-fc-4layer 71.43%

Y LeCun

STL-10. Error v.s. lambdalL2*

= 4layer : ! : : : :
| = Slayer| ... e T

Validation Error
o
w
=]

] ] | ] ] ] ] |
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8
lambdal2*

model accuracy
Convolutional Kernel Networks [17] 62.32%
HMP |1] 64.5%
NOMP [16] 67.9%
Multi-task Bayesian Optimization [27] 70.1%
Zero-bias Convnets + ADCU [20] 70.2%
Exemplar Convnets |2] 72.8%
SWWAE-4layer 174.80%



CIFAR'-1 0, CIFAR-100, Unsupon 8OM Tll‘b/ Image§

Y LeCun

* 60,000 labeled samples
* 80 Million unlabeled samples

* (128)3c-(256)3c-2p-(256)3c-(512)3c-2p-(512)3c-(512)3¢c-2p-(512)3¢c-(512) 3c¢-
2p-128fc-10fc

model CIFAR-10 CIFAR-100
All-Convnet (Springenberg et al.|(2014)) 92.75% 66.29%
Highway Network (Srivastava et al.[(Z015)) 92.40% 67.76%
Deeply-supervised nets (Lee et al.|[(2014)) 92.03% 65.43%
Fractional Max-pooling with Targe augmentation (Graham|(2014))  95.50% 68.55%
SWWAE (Ar2rec = 1, Aoy = 0.2) 92.23% 69.12%

Convnet of same configuration 91.33% 67.50%
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